Objectives: To evaluate latent heterogeneity in long-term trajectories of body weight in older adults. Methods: We analyzed 14-year longitudinal data on 10,314 older adults from the Health and Retirement Study. Semiparametric mixture models identified latent subgroups of similar trajectories of body mass index (BMI). Results: Five distinct trajectory subgroups emerged: normal starting-BMI with accelerated increase over time (trajectory #1), overweight and increasing (trajectory #2), borderline-obese and increasing (trajectory #3), obese and increasing (trajectory #4), and morbidly obese with decelerating gain (trajectory #5). Blacks and Hispanics had greater risk of membership in ascending high-BMI trajectory groups. Females had approximately half the risk of following overweight and obese increasing BMI trajectories compared with males. Discussion: Distinct latent subgroups of BMI trajectories and significant racial/ethnic and gender trajectory heterogeneity exist in the older adult population. The propensity of men and minorities to experience high-risk BMI trajectories may exacerbate existing disparities in morbidity/ mortality in older age.
Introduction
Overweight and obesity are increasingly prevalent among middle-age and older adults (Flegal, Carroll, Ogden, & Curtin, 2010) . Excess weight in older ages carries a higher risk for adverse physical and cognitive health outcomes (Field et al., 2001; Profenno, Porsteinsson, & Faraone, 2010) and poses an escalating economic burden for individuals and society (Finkelstein, Trogdon, Cohen, & Dietz, 2009 ).
Obesity tracks "from cradle to grave" (Eriksson, Forsen, Osmond, & Barker, 2003) . Finding support in the life-course development of health paradigm (Ben-Shlomo & Kuh, 2002) , extensive research has been focused on the relationship between obesity and aging; yet current knowledge on the progression of body weight starting in middle age is sparse. Cross-sectional and short-term longitudinal studies suggest that body weight increases up to the seventh decade of life, after which it levels off or declines (e.g., Kahng, Dunkle, & Jackson, 2004; McDowell, Fryar, Ogden, & Flegal, 2008; Newman et al., 2001; Seidell & Visscher, 2000) . Such studies, however, cannot assess the underlying body weight growth curve (Rogosa, 1988) , frequently do not account for cohort or mortality bias (Barone et al., 2006) , and cannot distinguish between intrapersonal and interpersonal variations in body weight over time (Singer & Willett, 2003) . Few studies have examined the basis for variation in the trajectory of body weight in older adults, with a majority anchored in an assumption of population homogeneity with respect to changes in body weight over time. Such studies focus on the population "average" pattern of change and explain the observed deviation of individuals from the "average" in terms of interindividual differences such as race, age, gender, or disease status (Botoseneanu & Liang, 2011; Kahng, Dunkle, & Jackson, 2004) . However, significant heterogeneity and latent subgroups of body weight trajectories may exist within the larger population, reflecting qualitatively distinctive groups which vary in their patterns of body weight change. This alternative, person-centered approach, allows for multiple distinctive trajectories (i.e., statistically different intercept and slope) within a given population and defines the probability of individuals to belong to any such trajectory as a function of time-constant and/or time-varying individual characteristics (Nagin & Tremblay, 2005; Nagin, 2005) .
The examination of heterogeneity in trajectories of body weight starting in middle age may be useful in several respects. First, each trajectory may hold distinct clinical significance (i.e., different etiology and/or associated disease risk) and may call for individualized targeted interventions. Second, it may assist in identifying socioeconomic, behavioral, or comorbidity factors associated with a higher propensity of experiencing "risky" weight trajectories. Third, the ability to recognize trajectories of body weight associated with a higher risk for or accelerated decline in physical, functional, or cognitive health may result in more efficient public health efforts aimed at reducing the long-term effects of obesity, by selectively focusing on those subgroups most likely to benefit from such interventions.
This study has two specific aims. First, we hypothesize that latent subgroups of trajectories of body mass index (BMI) exist within the middle-age and older adult population. Using group-based semiparametric mixture models (Jones & Nagin, 2007; Nagin, 2005) , we aim to identify distinct subgroups of BMI trajectories over a 14-year period (1992-2006) , in a nationally representative sample of Americans age 51 to 61 years old at the baseline, and to explore whether differences in these trajectories are mainly the result of variations in their intercept (i.e., differences in weight accumulation prior to the baseline middle age), slopes (i.e., differences in the rate-of-change during the examined study period), or both. As a second aim, we explore racial/ ethnic and gender differences in trajectory-group membership probabilities.
Method
Study population. We evaluated 14-year longitudinal data from the Health and Retirement Study (HRS) (http://hrsonline.isr.umich.edu/). To minimize the potential for bias due to cohort differences in BMI (Reynolds & Himes, 2007) , respondents from a single cohort (1931) (1932) (1933) (1934) (1935) (1936) (1937) (1938) (1939) (1940) (1941) birth years) were analyzed. Data were gathered every 2 years from 1992 to 2006, for up to eight repeated observations. Of the 13,565 individuals in the HRS cohort, we excluded 3,116 (22.9%) cohort-ineligible spouses (i.e., born before 1931 or after 1941) and 135 (0.9%) participants who did not respond to the health survey sections. The final analytic sample consisted of 10,314 individuals (6.4 mean number of interviews completed). Response rates ranged from 81.7% (1992) to 89.2% (1994); 55.7% of respondents completed all eight interviews. As of 2006, the cumulative mortality rate, validated through the National Death Index (NDI), was 18.7%. Proxy interviews were conducted when a respondent was unable to participate due to physical or cognitive limitations (range from 4.8% in 1992 to 9.0% in 2002).
Assessment of weight, height, and BMI. Self-reported weight was recorded at each wave; height was recorded at the first interview and verified in the second wave. BMI was calculated at each wave as follows: BMI = [Weight (lb.)/ Height (in.) 2 ] × 703, using current weight and initial height. For validation purposes, interviewer-measured weight and height were available for the 2004 and 2006 waves.
Statistical analysis. We conducted analyses in two stages. First, trajectories of BMI were determined by fitting semiparametric mixture models (SPMM) to the data SAS refers to a statistical package and is not usually spelled out (Jones, Nagin, & Roeder, 2001) . SPMMs identify distinct groups of individual trajectories within a population and, by use of posterior probabilities, assign individuals to the group to which they have the highest probability of belonging (probability of 0.9 or higher was considered excellent fit, a value of 0.7 or lower was considered poor fit; Nagin, 2005) . Maximum likelihood estimation was used to estimate the group trajectory parameters. We assumed a censored normal distribution to account for potential floor and ceiling effects in BMI and evaluated the BMI growth curves plotted as a function of time (Alwin, Hofer, & McCammon, 2006) , with control for interpersonal differences in age-at-baseline (Liang et al., 2008) . Intercept-only, linear, quadratic, and cubic time functions for successive models with between 2 and 10 trajectories were tested. Time (t) was centered at its mean to minimize the possibility of multicollinearity when evaluating nonlinear time functions. The best-fitting model (i.e., the number of distinct trajectories) was specified, as recommended, using Bayesian Information Criterion (BIC) scores and examination of 95% CIs (Nagin, 2005) .
In the second stage, potential predictors of trajectory membership were included in the models. The log odds for the effect of race/ethnicity and gender on the probability of membership in each trajectory relative to a designated comparison group were derived using specifications similar to multinomial logistic regression (Nagin, 2005) . The Proc Traj procedure in SAS estimated the equation for stage 2 simultaneously with equation for stage 1 (Jones, Nagin, & Roeder, 2001; Jones & Nagin, 2007) .
We chose not to weight the data because many of the variables used in the calculation of differential selection weights (e.g., race/ethnic group, gender, marital status) are explicitly included in the models, making unweighted ordinary least squares estimates less biased than weighted estimates (Winship & Radbill, 1994) . Results from unweighted analyses are shown henceforth, except in Table 1 , where in accordance with the consensus on the presentation of descriptive information we show weighted sample characteristics (Gelman, 2007) .
The Proc Traj procedure allows for missing values on time-varying variables, but excludes from analyses all subjects with missing time-constant values. To minimize the loss of participants due to item-missing (Little & Rubin, 2002) , 3 complete data sets were imputed using multiple imputation (MI) for multivariate normal data with 100 draws per missing item. The assumptions and procedure for MI have been described in detail elsewhere (Schafer & Olsen, 1998) . Unit-missing data due to mortality and permanent attrition were not imputed and data were censored at the last wave prior to death or drop out. We ran Proc Traj analyses using each of the three imputed data sets. Parameter estimates and their standard errors were calculated by averaging across the three data sets and adjusting for their variance. For validation purposes, we ran the same analyses using the original nonimputed data and obtained similar results. Results of analyses using the three imputed datasets are shown below because they incorporate all the available information from all study participants. Finally, due to the large HRS sample, a two-sided p-value of less than .01 was considered to indicate statistical significance.
Trajectory predictors and potential confounders. Race/ethnicity (mutually exclusive group designation-non-Hispanic White, non-Hispanic Black, and Hispanic) and gender (1 = female, 0 = male) were examined as predictors of trajectory membership.
Sociodemographic characteristics related to BMI and/or to the potential predictors were included as control variables: education (years of education completed; Ball & Crawford, 2005 ) and age (years; Clarke, O'Malley, Johnston, & Schulenberg, 2009) were measured at baseline in 1992 and included as time-constant covariates. Total household income (quartiles; Chang & Lauderdale, 2005) , total household assets (quartiles; Fonda, Fultz, Jenkins, Wheeler, & Wray, 2004) , and marital status (1 = married/living with a partner, 0 = single/divorced/widowed/ separated; Sobal, Rauschenbach, & Frongillo, 2003) were assessed at each wave and included as time-varying covariates (quartiles range for income and assets not shown; available upon request).
To account for potential "healthy survivor" bias in BMI estimation (Mehta & Chang, 2009 ) and for the changes in participants' health status over the study period, time-varying measures of physical and mental health were included such as index of chronic diseases (count of seven chronic conditionsheart disease, stroke, high-blood pressure, diabetes, arthritis, chronic lung disease, and cancer; range = 0-7), self-rated health (single-item rating; range = 1 [excellent] −5 [poor]), Nagi index of functional limitations (count of six items representing reported difficulties with common activities; range = 0-6; Nagi, 1979) , and depression CES-D score (previously validated short-form 9-item count from the Center for Epidemiological Studies Depression Scale; range = 0-9; Radloff, 1977) .
All socioeconomic and health status time-varying covariates were represented by a lagged measure (i.e., observation from the previous wave) and a change term (i.e., difference between current and previous observation) to ensure clear time precedence between these and the dependent variable.
In older populations, mortality and attrition are sources of nonrandom missing data (Little & Rubin, 2002) and potentially bias the results toward healthier, longer-living subjects who may differ in their level and rate-ofchange in body weight from those who die or drop out during the study. As such, mortality and attrition need to be addressed as confounders (Harel, Hofer, Hoffman, & Pedersen, 2007; Mroczek & Spiro, 2005) . Subgroups of participants were identified based on patterns of missing data and group membership indicators were included in the models (for mortality: 1 = died, 0 = alive at end of study; for attrition: 1 = dropped out for reasons other than mortality and did not return, 0 = completed study) (Hedeker & Gibbons, 2006) . Time-varying proxy status was represented by a lagged measure (1 = proxy respondent, 0 = self) and a change term (i.e., difference between current and previous wave).
Results
Sample description. Baseline characteristics of the study population are shown below (additional time-varying sample statistics in Table 1A in Supplementary Appendix).
Trajectories of BMI over time. We estimated sequential SPMMs with between 2 and 10 trajectories of BMI. The cubic slope coefficients were not significant in all models. Hence, only quadratic time (t) functions were further analyzed (Table 2) . For both the unconditional (M 0 ) and covariateadjusted models (M 1 -M 3 ), the BIC revealed an improved model fit from 2 to 5 trajectories, with a plateau in fit improvement evident at specifications greater than 5 trajectories (not shown; available upon request). The narrow, nonoverlapping 95% CIs (Figure 1 ) provided further support. Thus, the analyses presented hereafter are based on the 5 trajectories model.
In the unconditional best-fitting model (M 0 , ). As for the rate-of-change, all 5 trajectories were characterized by small but significant increases in BMI over the period of observation (Table 2) . After adjustment for mortality (M 1 ), socioeconomic characteristics (M 2 ) and health indicators (M 3 ), the normal BMI trajectory displayed an accelerating pattern of increase (positive quadratic slope), while the obese and morbidly obese trajectories showed a diminishing rate of increase in BMI (negative quadratic slope). For the other two groups (overweight and borderline-obese), the best-fitting models showed a linear increase throughout the period of observation. For each trajectory, the predicted BMI values (±SD) at the end of the study period (calculated as a quadratic function of time (t), using the intercept, linear slope and quadratic slope corresponding to each trajectory in Table 3 shows the characteristics of the five identified subgroups of participants, defined according to their propensity to follow one of the five distinct trajectories of BMI.
Predictors of trajectory membership. Next, predictors of BMI trajectory groups were examined (trajectory #1 as reference) in successive minimally adjusted (i.e., adjustment for mortality, attrition and proxy status; M 2 in Table 4 ) and fully adjusted (i.e., adjustment for time-varying socioeconomic and health status covariates, M 2_1 ; and baseline BMI, M 2_2 in Table 4 ) models. Coefficient estimates (shown in Table 2A in Supplementary Appendix) were used to derive the relative odds ratios for membership in each trajectory (OR = e b , where b is the logistic regression coefficient). Results (Table 4 ) indicated significant racial/ethnic and gender differences in the likelihood of trajectory membership. 
Racial/Ethnic Differences in Trajectory Membership
Compared with Whites, Blacks and Hispanics had a significantly greater probability of belonging to the higher BMI trajectories relative to the normal BMI reference trajectory (M 2 ; Table 4 ). Specifically, Blacks had a twofold increase in the risk of following overweight trajectories (OR = 1.86 for trajectory #2 and OR = 2.65 for trajectory #3) and a three-fold increase in the risk of following the obese trajectories (OR = 3.04 for trajectory #4 and OR = 3.23 for trajectory #5). On the other hand, differences in risk between Hispanics and Whites were greater for overweight trajectories (OR = 2.19 for trajectory #2 and OR = 2.30 for trajectory #3) than for obese trajectories (OR = 1.52 for trajectory #4 and nonsignificant for trajectory #5). Further, differences between Whites and Blacks in the relative odds of trajectory membership disappeared after control for socioeconomic differences and baseline BMI (M 2_1 and M 2_2 ; Table 4 ), while those between Hispanics and Whites increased, mainly in the overweight and borderline-obese trajectories (M 2_2 ; Table 4 ).
Gender Differences in Trajectory Membership
In all models, females showed smaller odds of following the higher BMI trajectories (Table 4 ) compared with males. Females had approximately half the risk of belonging to overweight and obese trajectories (OR = 0.43, OR = 0.45, OR = 0.68 respectively, p < .001, for trajectories #2, #3, and #4 in M 2 ; OR = 0.64 for trajectory #4 and OR = 0.51 for trajectory #5 respectively, p < .01 in M 2_2 ). Baseline BMI explained the difference in group membership risk between females and males in overweight trajectories (trajectories #2, #3), but not in obese trajectory groups (trajectories #4, #5).
Effects of Other Covariates
Older respondents had a slightly lower risk of membership in the higher BMI trajectory groups as compared with the reference normal-weight trajectory (M 2_2 , Table 4 ). In SES and health-controlled models (M 2 , M 2_1 , Table 4 ), higher education was associated with a slightly lower risk of experiencing the higher BMI trajectories; this inverse association was fully explained by baseline BMI (M 2_2 , Table 4 ), with the exception of the risk of following the morbidly obese trajectory (Trajectory #5) for which the risk increased after control for baseline BMI.
Mortality, attrition, and proxy status were included as confounders to account for possible selection bias. Respondents who died during the study period had substantially lower probabilities of experiencing the obese or morbidly obese trajectories (trajectories #4 and #5, M 2 , M 2_1 and M 2_2 , Table 4 ). After full adjustment for socioeconomic, health, and baseline BMI differences (M 2_2 , Table 4 ), attrition was significantly associated with a higher likelihood of membership in the overweight and borderline-obese trajectory groups (trajectory #2 and 3). The significant associations between mortality/ attrition and the probability of group membership indicate that the coefficients for trajectories estimates would have been incorrect if these sources of selection bias were not explicitly addressed in the models.
Discussion
A major finding of our work is the underlying heterogeneity in trajectories of BMI in middle-aged and older adults. In this cohort, we identified five clusters of BMI growth trajectories and considerable racial/ethnic and gender differences in the propensity to experience each trajectory. In contrast to the conventional approach focusing on the population "average" trajectory of BMI, the group-based approach used here assumes and identifies a number of distinct trajectories, each with a distinct intercept, rate-of-change and estimated population prevalence (Jones & Nagin, 2007) . We offer three key observations: (a) as indicated in Table 4 , only approximately 20% of the study cohort observes a "normal" BMI trajectory (i.e., normal BMI intercept and weight gain within the normal BMI range), with the rest divided between overweight (43%) and obese or morbidly obese (37%); (b) the main observed differences between the identified trajectories are in their intercepts, suggesting that the accumulation of body weight prior to entering middle age is a critical determinant of the later BMI trajectory; and (c) all trajectory groups gain weight over the 14 years of observation, with the morbidly obese subgroup experiencing a slight deceleration in weight gain over time.
These are troubling findings for two reasons. First, the 20% prevalence of normal BMI trajectory is even lower than recent cross-sectional estimates, which put the prevalence of normal BMI among middle age and older adults at 22% for men and 32% for women (Flegal, Carroll, Ogden, & Curtin, 2010) . Second, for two of the groups, the rates of increase justify an upward change in categorization over the study period (from borderline-obese to overtly obese category 1 for trajectory #3 and from obese category 1 to obese category 2 for trajectory #4) and signify a substantial increase in obesity-associated disease risks (National Heart Lung and Blood Institute, National Institutes of Health, 2010). While we expected a more pronounced dissimilarity between the trajectory subgroups (e.g., raising vs. falling vs. stable BMI), the results are in line with observations from population-average longitudinal studies (Barone et al., 2006; Dugravot et al., 2010; Jacobsen et al., 2001) , which suggested that BMI increases into older age beyond the point previously believed to represent the age of peak body weight (i.e., around age 65).
Racial/ethnic differences in weight status and weight change have been previously documented primarily in young adults (Clarke et al., 2009; Mujahid, Diez Roux, Borrell, & Nieto, 2005; Sanchez-Vaznaugh, Kawachi, Subramanian, Sanchez, & Acevedo-Garcia, 2009 ). We found that the course of BMI also differed considerably between the racial/ethnic groups of older adults considered in our study. Notably, the relative distribution of trajectory membership risk by race/ethnicity was sensitive to variations in baseline BMI, but not to variations in socioeconomic or health status indicators. Regardless of SES and health status, Blacks were more likely (compared with Whites) to follow each of the higher BMI trajectories, yet these differences were entirely explained by the BMI with which they enter middle age. Conversely, trajectory risk differences between Hispanics and Whites increased substantially after accounting for baseline BMI. These findings suggest that differences in trajectory risk between Blacks and Whites are established before middle age, while those between Hispanics and Whites persist and even increase from middle to old age. It is quite possible that factors other than the conventional measures of SES (income, assets or education), such as early-life behavioral and cultural factors (Abraido-Lanza, Chao, & Florez, 2005; Akresh, 2007) and birthplace or immigration status differences (Sanchez-Vaznaugh et al., 2009 ) between the groups, partially explain the timing of weight disadvantage initiation. This is a consequential finding, suggesting that the critical periods for interventions to reduce racial/ ethnic inequalities in weight status are prior to entering middle age among Blacks, and continue into middle and older age among Hispanics.
The analysis also revealed considerable gender differences in trajectory risk-women showing a substantially lower propensity to follow the high-BMI trajectories. The initial association between gender and trajectory risk was partially explained by the baseline BMI (for the overweight and borderline-obese trajectories only), but not by educational or health status differences. It is somewhat difficult to place our results in the context of existing literature, mainly because studies on gender differences in trajectories of body weight are scarce and the results from other studies (cross-sectional or 2-point transitions) are mixed. While some investigations point to a higher prevalence of overweight in men (He & Meng, 2008; Wang & Beydoun, 2007) and a higher prevalence of obesity and higher variability in body weight in women (Jenkins, Fultz, Fonda, & Wray, 2003) , others find no such differences (Ogden et al., 2006; . A recent examination of the average long-term trajectory of BMI in a sample of middle age and older adults found no significant gender differences in either BMI intercept or rate-of-change (Botoseneanu & Liang, 2011) . This, coupled with the present finding of differences favorable to women in the obese and morbidly obese BMI trajectories, but not in the overweight trajectories, suggests that significant effects may be overlooked under the classic average-trajectory approach. When such models are employed and distinct trajectories are collapsed into an "average" trajectory, substantial differences on particular trajectories not observed on others may be lost. In contrast, group-based modeling allows not only for discrete trajectories, but also for discrete predictors of each trajectory. Future studies linking gender heterogeneity in body weight evolution to specific health outcomes are needed and may partially explain the observed gender-related disparities in morbidity and mortality in old age (Oksuzyan et al., 2008) .
One of the main goals of identifying heterogeneous trajectories of BMI within a given population is to assess whether such trajectories carry differential morbidity and mortality potential. While this kind of analysis is outside the scope of our present study, we can use the results to draw some inferences and suggestions for future research. For example, the female advantage in mortality in older age is well documented. Overweight and obesity have been associated with an increased mortality risk in the same age group (Berrington de Gonzalez et al., 2010; Villareal, Apovian, Kushner, & Klein, 2005) . In this context, our results showing that women have a substantially lower risk of following the obese BMI trajectories compared with men imply that the gender gap in mortality may potentially increase in the future. This may also hold true for other health outcomes. Over time and barring effective populationlevel weight-control interventions, detrimental health consequences associated with obesity will disproportionately accrue in those groups (i.e., racial minorities and men) more likely to follow the high-BMI trajectories and will result in an increase in obesity-related racial and gender health disparities. Additional research linking relevant health outcomes to various trajectories of body weight is warranted; we suggest that priority be given to those conditions which carry a heavy morbidity burden for individuals and society, and for which racial/ethnic or gender disparities have been well documented, such as diabetes (Duru et al., 2009; Saydah, Cowie, Eberhardt, De Rekeneire, & Narayan, 2007) , stroke (Glymour, Avendaño, Haas, & Berkman, 2008; Kleindorfer, 2009 ), dementia (Glymour & Manly, 2008; Husaini et al., 2003) , or functional decline and disability (Alley & Chang, 2007; Chen & Guo, 2008; Dunlop, Song, Manheim, Daviglus, & Chang, 2007; Fuller-Thomson, Nuru-Jeter, Minkler, & Guralnik, 2009) .
It is paramount to acknowledge that the results derived from group-based modeling are approximations of population differences in BMI trajectories, which are based on subgroup means over a specific period of time (Nagin, 2005) . In other words, the results should not be construed to mean that individuals actually "belong" to a trajectory group, but rather that individual trajectories can be clustered into a finite number of subgroups, which is not immutable, but arrived at through assessments of model-fitting indices, to approximate a continuous distribution within a population (Nagin & Tremblay, 2005) . Further, while this technique allows for the identification of population risk factors, one should refrain from predicting any particular individual's trajectory membership group based on ex ante individual characteristics. This reflects the fact that even if a set of characteristics increase the probability of individuals following a particular trajectory, not all individuals with those characteristics will follow that trajectory (Nagin & Tremblay, 2005) .
Despite the considerable advantages this study offers, some limitations should be acknowledged. First, self-reported BMI was used for trajectory calculation. Individuals are known to overreport height and underreport weight (Nawaz, Chan, Abdulrahman, Larson, & Katz, 2001) . As such, selfreported BMI tends to reflect a conservative estimate of the "true" BMI. We performed a comparison of self-reported and interviewer-measured height and weight (available only for the 2004 and 2006 waves) and, consistent with others studies (Fillenbaum et al., 2010; Weir, 2008) found only small differences. Second, BMI may not be the optimal body weight indicator in older age (Seidell & Visscher, 2000) . Other anthropometric and body-composition measures (e.g., waist circumference or intra-visceral fat mass) offer more accurate assessments of disease risk (Janssen, Katzmarzyk, & Ross, 2004) and are not affected by the potential age-related loss of height. This limitation is partially mitigated by the observation that the age range of a majority of our respondents was below the age of accelerated height loss (Dey, Rothenberg, Sundh, Bosaeus, & Steen, 1999; Sorkin, Muller, & Andres, 1999) . However, some respondents were followed up to age 75, so we cannot entirely rule out the possibility of an upward bias in BMI in later waves. We were unable to perform similar analyses of other body-composition indicators or to assess the potential for artifactual changes in BMI due to loss of height because HRS does not collect such data. Similar studies on heterogeneity in trajectories of other body-composition indicators are needed, as they may prove more accurate predictors of associated disease risk in old age. Lastly, because data were not suitable for age-based analyses (Alwin, Hofer, & McCammon, 2006) , the BMI trajectories were estimated as a function of time with adjustment for age-at-baseline, to minimize the potential for agecohort confounding. Consequently, the results should not be interpreted to represent the effect of age on BMI, but rather the evolution of BMI over time in this specific age group.
The present study identified five distinct trajectories of BMI in a middle age and older population and substantial racial/ethnic and gender differences in the propensity of following each trajectory. Yet this is only an initial step toward a better understanding of the risk factors associated with variability in body weight course starting in middle age. Awareness of discrete BMI trajectories may allow clinicians and policy professionals to tailor programs to specific groups who are at risk for poor aging outcomes due to obesity and to intervene at an early stage to alter the path of risky trajectories.
